The static differentiated product demand model when applied to products with rapid product turnover and declining prices, yields implausible results. One response is to explicitly model the inter-temporal choices of consumers but computational demands require restrictive assumptions on consumer heterogeneity and limits on the characteristics included in the model. We propose, instead, to supplement the static model with a control for the age that each product has been in the market. This approach is applied to the US digital camera market and we find we obtain more plausible estimates. Our results are consistent with intertemporal price discrimination by firms. Furthermore, our results suggest that ignoring the effects of product ageing may result in substantially overestimated price elasticities and technological progress and underestimated price-cost markups.
results in overestimating own-price and cross-price elasticities, the magnitude of overestimation being higher for newly introduced and highly priced products. In our application, the predicted price-cost markups are significantly underestimated by up to 70%, and underestimation appears to be the greatest for mid and low-end cameras at their introduction period. Consequently, welfare gains from the cost reduction due to technological progress could be considerably overestimated. It should also be noted that as well as affecting the value of the price coefficient, the coefficients on most product characteristics become more plausible after the ageing effect is taken into account. Hence our approach can be seen as either providing an alternative to estimating a full dynamic model, if controlling for a wider set of product characteristics (with random coefficients) is important, or at the very least, providing a first step in estimation that would ease the computational demands of estimating a full dynamic differentiated product demand system. The rest of the paper is organized as follows. The next section provides the conceptual foundations for including product ageing in a BLP differentiated product demand system. Section 3 details the specification of demand models, with both logit demand and random coefficient models, and the pricing and cost equations on the supply side. Section 4 discusses the choice of instruments and the GMM estimation procedure. Data statistics are given in Section 5 while estimation results are compiled in Section 6. The final section concludes the paper.
Product Ageing in Differentiated Product Demand models.
The majority of the most prominent applications of the BLP framework for estimating differentiated product demand systems are to relatively mature markets like automobiles and breakfast cereals (BLP; Berry et al, 1999; Nevo, 2000a Nevo, , 2000b Nevo, , 2001 Petrin, 2002) . However, when the BLP framework is applied to new consumer electronics, the literature shows that the predictability performance of a static model is quite poor. For instance, Gowrisankaran and Rysman (2007) report an insignificant positive price coefficient in the estimation of a static demand model for digital camcorders. Hence, they, as well as Carranza (2008) and Zhao (2007) , explicitly model demand dynamics. This work focuses on the product-level demand dynamics resulted from consumer heterogeneity in willingness-to-pay as exhibited in the form of delayed purchases. 2 For many durables such as consumer electronics their prices are not far beyond most consumers' affordability. Given the durable nature of these goods, consumers could purchase as soon as their preferred products are introduced into the market and gain immediately the subsequent stream of utility flows. If the rate of product innovation and obsolescence is high, however, many consumers may deliberately wait and do not purchase until the particular variety enters into the later stage of its life cycle. One of the main reasons for postponing purchase is that consumers are forward-looking and they anticipate that the product's price will decline quickly and permanently as time goes by. In consequence, consumers who have a high willingness-to-pay for their favored goods enter the market soon after the new products have been launched. High price-elastic consumers with a low willingness-to-pay tend to delay their purchases and wait until their preferred alternatives are priced below their reservation prices. The heterogeneity in consumption preferences also provides oligopolistic firms with incentives to inter-temporally price discriminate by setting a higher initial price for a new product.
This forward looking behavior is modeled formally as an optimal stopping problem in the dynamic approach (see Melnikov 2001) , exploiting information in the sales data. In particular, demand dynamics are captured by separating a purchase into two sequential decisions: choose the appropriate purchase time and then find the best option. All consumers are assumed to have the same constant discount factor to exponentially discount the expected stream of future utilities. Two further simplifying assumptions are usually imposed to make the analysis tractable: a Markov process assumption for the transition of future states (Rust 1994) ; and an "Inclusive Value Sufficiency" assumption (Gowrisankaran and Rysman 2007, Hendel and Nevo 2006) . Using a scalar logit inclusive value to index for all products that 2 In the recent empirical IO literature, many econometricians attribute demand dynamics in consumer electronics markets to the delay of purchase by forward-looking consumers as they anticipate future prices will drop (see Melnikov 2002 , Song and Chintagunta 2003 , Erdem et al. 2005 .
exist in each time period, these assumptions reduce the state space of purchase decision from many dimensions (equal to the number of products in each market plus the outside alternative) to two. As well as these formal simplifications though, the complexity of the problem appears to limit the extent of diversity in preferences and the range of characteristics that can be included in the econometric model as these models typically allow either limited randomness in preferences for characteristics or a limited set of characteristics or both.
Rather than building in, albeit in a restricted way, consideration of future alternatives directly into the decision problem as in the demand dynamics literature, we propose including a variable for the age of the product as an additional attribute to control for these dynamic factors. It is worthwhile to notice that to a certain extent, the age variable can be considered as a "characteristic" of a camera model. Consumers may view two cameras with identical characteristics as differentiated goods if one was launched after the other. They may discount the value of a camera purely because it has been in the market "too long". Since the mean utility of a camera declines as time goes by, two consumers buying the exact same camera at different time points reveal their difference in willingness-to-pay. Thus, the age variable can depict the evolution of consumer willingness-to-pay which gives rise to dynamics in demand and pricing.
Including the age variable in the regression model provides an easy and flexible way to control for the forward-looking behavior of consumers when estimating solely with marketlevel data. A concern with including this variable is that the life of a product is an endogenous variable -the determination of which we do not explicitly model. We will address this concern below by instrumenting for age. Rather than specifically assuming that the heterogeneity works through an effect on the response to a particular change (like price), our approach allows for direct shifts in the quantity demanded at each price. 3 Of course, it would be possible to interact the age variable with other variables such as price if of interest. 3 Income is another possibility. Without consumer level data as used, for example, in Petrin (2002), interacting age with income over such a short period is unlikely to be revealing.
Unlike other characteristics that are time-independent, the age of a camera model increases as time elapses so that it is time-dependent. This means that the age variable could also be picking up other influences on demand that vary through time (and that are not captured by the price). For example, if a brand is launched with a considerable amount of advertising, the value of which diminishes over time, then the age variable will also pick up this influence. Though not necessarily a direct determinant of utility, under this interpretation, we follow earlier papers, such as Ackerberg (2003) , in including such determinants in the demand equation. However, the interpretation of the results will tend to emphasize the demand side interpretation as the patterns are consistent with a well established theory. To a certain extent, activities like advertising are likely to be done so to support the strategy of inter-temporal price discrimination which we believe is occurring here.
Before proceeding, it is worth noting that the digital camera market is a natural market with which to explore these questions as, presumably due to data availability, many dynamic differentiated product demand studies use data on digital cameras in the same way as the early studies of static models used data on cars. 
where is the price of camera model j in period t, is its quality measure of observable 
Of course, consumers are not forced to buy a camera and they may opt not to enter into the market; i.e., there is an outside option, indexed by 0 = j . The utility of the outside choice is:
The mean utility of the outside alternative is not well defined without further assumptions so we normalize it to be zero. 
This logit demand structure not only provides a closed-form of market shares but also facilitates the use of ordinary least squares to estimate the coefficients in utility function (1) .
The results reported in Subsection 6.1 are based on the following regression equation
However, utility specification (1) ignores the income effect. It is also subject to the problem of the IIA property, as well discussed in the discrete choice literature. 
The utility of the outside choice is given by
5 The IIA property implies that own-price elasticity is almost proportional to own price and the cross-price elasticity depends only on the substitute's price and market share. See Nevo (2000a) for a review.
Conditional on the realization of , the probability of consumer i choosing product j out of choice set is:
Given the joint probability density function , the aggregated probability of consumers choosing camera model j, or the market share of model j is obtained by integration: 
ξ is the vector of all unobservable characteristics, which will form the error term required for the GMM estimator.
The Supply Side
The production of product j incurs a constant marginal cost . For a multi-product firm, f, the profit at period t can be expressed as:
where t T is the aggregate market size in market (time) t and is the product set of firm f.
The first-order condition for profit maximization implies that,
Define a matrix , where each element in the matrix is given by
The first-order conditions can be written as: 
where γ is a vector of coefficients measuring the marginal effect of a particular observable characteristic on the logarithm of the product's marginal cost. The observable part of characteristics j χ can include part or all of those included in the demand equations, .
From (12) and (14), we can write a supply side moment condition: 
Instruments and Estimation Procedure

Appropriate Instruments
There are three variables for which there are potential endogeneity problems. First, the disturbances j ξ in (6) or (10) and j ϖ in (15) are correlated with price because, as is modeled, the price is chosen by the firm knowing the value of the unobservable characteristics. Second, though we do not model this explicitly, it is clear that the age of a product, i.e. how long the product has been in the market, is potentially influenced by unobservable characteristics. Finally, it has often been argued in the hedonics literature that the weight of a product also proxies for unobserved features which, when included, increase t j p the weight of a product. Hence we also treat the weight variable as potentially correlated with the unobservable characteristics of the products.
The instrumental variable technique is a conventional solution to solve this kind of endogeneity problem. In cases where only aggregated product level sales data are available, the data generated BLP-type instruments are the usual option to control for the endogeneity problem. The instruments for the price of product j produced by firm f include some characteristics of model j, the sums of characteristics of all other products produced by firm f and the sums of those that are produced by all other firms excluding f. In other words, for each camera model , , We supplement the BLP-type instruments with some new instruments. We include two measures of the number of products in the market (with suitable deletions to avoid the collinearity problem) -the number of products offered by the firm and the number of products offered by their competitors. On the demand side, the change in the number of available options can affect the probability of a consumer purchasing a particular model (Ackerberg and Rysman (2005) make a related argument). On the supply side, the numbers of products provided by the single firm and that produced by all other firms affect pricing strategies since firms have to set appropriate prices simultaneously for all their products.
Furthermore, due to fast technological progress, appropriate instruments should be constructed by using the observations within the associated market (period) that each observation is drawn from, rather than using all information over different time periods. This treatment also reflects the feature that price-setting strategies in oligopoly are often time specific and consumers adjust their preference rankings over time. The time superscript t in the instruments indicates that only observations in market t, constructed by interacting each variable with time-dummies, are used to generate the BLP-type instruments for price . 
Estimation Procedure
The coefficients in the logit demand equation (6) can be estimated by OLS or 2SLS
controlling for the endogeneity of price. For the random coefficient logit model, simulation estimation is required. Since BLP, the required steps have been presented in various forms from Nevo (2001) to Ackerberg et al (2007) . We briefly review the steps of the algorithm First we simulate the market share for camera j:
where are obtained by drawing a sample of ns draws from the consumer population distribution and an initial estimate of is obtained from the logit model. Berry (1994) and BLP show that the set of market mean utilities, , that set the simulated market share equal to the actual market shares can be recovered using a contraction mapping operator which takes the form of following recursive algorithm:
where is the observed market share of camera j. Upon the completion of calculating this set of , we can use equations (2) and (15) to compile the error terms required for GMM.
, where z are the instruments we have mentioned in the previous subsection. If the true values of the model parameters, , are known, the orthogonality condition between unobservable characteristics and instruments is that . Accordingly, the GMM parameter estimates ( ) are obtained by minimizing the following objective function: Some recent papers raise questions on the computational practices when performing simulation estimation in the BLP framework (e.g., Dube et al. 2008, Knittel and Metaxoglou 2008) , particularly, the "nested fixed point" procedure involved in the contraction mapping technique. As a start on minimizing the vulnerability of our results to computational concerns, this paper estimates the parameters for the differentiated product demand models, with and without the control for product age, using the same starting values and same stopping criteria. We also use a stricter convergence criterion than BLP (1.0E-8) and do not have to resort to loosening the criterion to achieve convergence.
Data statistics
Data on Sales and Qua
les volumes were purchased from NPD Market Rese distinct models.
lity Measures
Data on digital camera prices and sa arch, a US market research company -the same source as used by Song and Chingtahua (2003), Zhao (2007) and Xiao (2008) . This data set includes monthly prices and sales quantities at the camera model level, covering the period from January 2003 to May 2006.
The reported prices and sales are nation-wide, accounting for more than 80% of the US digital camera market. No information on geographically separated markets is observed. The original NPD dataset also lists a number of quality measures for most digital camera models.
But they are quite brief and do not meet our requirements. To get a clearer picture for each model, the data on product characteristics are supplemented with much more detailed specifications through extensive web searching. In the final dataset, each camera is defined more accurately by: the type of digital camera (Single-Lens-Reflex (SLR), SLR-alike, Pointand-Shoot (P&S)), the exact number of mega pixels of image resolution, the size of LCD screen, the numbers of optical and digital zoom ranges, the size of camera (three-dimension measures), the weight of camera, etc. The structural estimation focuses on point-and-shoot digital cameras manufactured by top six brands (Canon, Fujifilm, Kodak, Nikon, Olympus and Sony).
6 This comes to a total of 4253 model/month observations, representing 351
6 More details on data collection and statistics are provided in the Appendix. It also offers a justification for choosing the top six brands for the analysis. 
The Age Variable
Apart from product quality, the demand for each particular option is also determined by the age factor. For each camera model, its age is measured as the time elapsed (in month)
since the model was launched. For all models that had been introdu web resources, based up ally declined during the sample period, although the reported statistics varied dramatically from time to time. The highest age was 11.36 months which appeared in It reveals that the mean price exhibits a sharp downward trend as cameras get older until they reach their age of 20 months. However, beyond that age, the mean price trends up.
Examin ly high-end products. They were initially priced well above five hundred dollars when they were introduced to the market. Even after nearly two years of declining prices, their prices were still higher than those of new low-end entrants. Hence, the age groups older than 20 months have a higher mean price.
Along with the falling prices, sales exhibit, to certain extent, a bell-shaped life pattern (see Figure 3 ). In particular, after the introduction of a new model, the sales volume climbs up quickly until it reaches a certain high level, and this sales level would be maintained for about half a year. Very interestingly, there is a huge jump of average sales at the age of 10 mont n the random coefficient structural model, estim ion results from the logit model are reported in consumers' willingness-to-pay for a particular product generally falls as it gets older. The hs more than 30% greater than that at any other age. 7 After the volume peaks, sales drop continuously until extinction, although prices fall persistently. Most digital camera models had a relatively significant level of sales for less than two years. Beyond this age, the average sales volume becomes negligible. Very few P&S digital cameras survive in the US market for more than three years after their introduction.
Estimation Results
Results from the Logit Demand Model
Although the focus of this paper is o at the standard errors, distinguishe includes the age variable or not and whether O ation is adopted. As we can see, the results are generally satisfactory in the sense that all characteristic variables in the models are highly significant. Using OLS or 2SLS does not yield substantial differences in the coefficient estimates, but including age causes substantial changes in the estimates. The improvement by the introduction of age variable is also demonstrated, for OLS, by the changes in R 2 and adjusted R 2 statistics.
The price coefficient estimates documented in Table 3 are all significantly negative across four different settings. However, the absolute value of the price coefficient from the 2SLS estimates in Column (4) is only one third of its counterpart where age is omitted. The significantly negative parameter estimates for age indicate that the m 7 The "PMA International Convention and Trade Show" is held annually in the end of February or early March. This is an important time for most digital camera producers to release new camera models or other information regarding technology advance in digital photographing. This is probably the key factor that results in a large increase of average model level sales at the age of 10, when many models face their first Christmas season after introduction. 8 The results of time dummies are not listed for the sake of space. (1) and (3), the OLS estimate of the marginal value of resolution in Column (2) is reduced by more than two thirds, and the 2SLS estimate in Column (4) is small and insignificantly different from zero. The 2SLS estimates of marginal values for LCD and optical zoom all drop considerably by more than 50%.
The specifications reported in columns (1) and (3), which do not include age, return significantly positive coefficients on camera size. This suggests that consumers prefer large to small cameras. However, this result contradicts the trend to miniaturization in digital camera (and other electronic device) markets, in which manufacturers produce smaller and smaller cam n (3) does not alter this result. In the specifications, reported in columns (2) and (4), which include age, the coefficients on camera size shrink substantially. For the 2SLS results, size has a negative coefficient, albeit insignificantly different from zero.
Also note that the coefficients on weight under both OLS and 2SLS in Columns (1) and (3) are significantly negative, implying that consumers dislike heavier cameras. Interestingly though, after including the age variable, the magnitude of coefficient estimates for weight also drops dramatically, remaining negative, but not significantly different from zero, in the 2SLS results.
Since the logit model imposes that all consumers have identical marginal valuations of product characteristics and age, it fails to account for consumer heterogeneity in preferences.
In terms of the size of digital camera, for example, some amateur consumers may prefer smaller devices for their portability when traveling, while others may like relatively larger cameras which ate picture, a random coefficient structural model is estimated below. The random coefficients together with the age variable can resolve the counterintuitive predictions from the logit model. (2) is strongly significant with mean -0.2253, suggesting that the older is the camera in the market, the less are consumers willing to pay for it. Comparing the estimation results derived from the two models, the reported marginal value of income is 0.6707 without age and only 0.3240 after age is included. Similarly, the magnitude of the mean coefficients of resolution, LCD screen and optical zoom range all become considerably smaller after the age variable is included. This suggests that when the age variable is omitted in the demand model, the ageing effect is then captured partially by other variables, leading to upwardly biased estimates of the coefficients on prices and other characteristics. The parameters for LCD screen are insignificant for both models. This may reflect the divergence of preferences and when the LCD screen reaches certain size photographers seem not to pursue a larger LCD screen.
Results from the Random Coefficient Structural Model
Surprisingly, for weight and size, the two models yield substantial differences in the estimated mean parameters. As Column (1) shows, the mean coefficient of size is insignificantly positive (0.093) and that of weight is significantly negative (-0.2799). These results may be interpreted as that the size of a camera is a marginally desired feature to consumers but not the weigh letely sensible, because the majority of P&S camera consumers are amateur photographers who are more likely to choose a smaller camera, other things being equal.
However, when age is incorporated into the model, the marginal value for size becomes significantly negative (-0.2577 ). This correction makes the estimate more consistent with the common perception and the move by manufacturers to produce smaller cameras. In column (2) the effect of weight is positive and insignificantly different from zero.
The coefficients on the brand dummies measure consumers' subjective value on each brand of digital cameras. The brand dummy coefficients in Column (1), range from -1.2 to 0.73, which is much wider than those in Column (2), ranging from -0.82 to 0.53. The estimates from both models show that consumers, on average, prefer Sony and Canon to other brands, while Fujifilm is the least favored brand. The coefficient on the Nikon brand dumm age become highly signif her the value for these features, the more costly it is for firms y is statistically insignificant in both random coefficients models
The lower part of Table 4 demonstrates that there exists substantial variation in the marginal value of some camera features, suggesting that we can reject the hypothesis that the random coefficient model is equivalent to the logit model. For instance, the standard deviations for LCD and size are strongly significant in Column (1), while after the age variable is introduced, the standard deviations for digital zoom and icant. On the other hand, consumers' preferences for resolution and optical zoom range seem relatively uniform, as the standard deviations of these coefficients do not differ significantly from zero. While not conclusive, these results are suggestive that dynamic models of the digital camera market that use a limited set of characteristics are potentially affected by omitted variable bias.
Results from estimating the marginal cost equations are reported in Table 5 , based on the full random coefficient model. As shown in the table, except for digital zoom, all variables enter the cost side equations significantly at the 1% level. The coefficients on the log of resolution, optical zoom and the log of LCD size are all positive and highly significant. 9 This implies, the hig to produce a camera. On the contrary, the cost of digital camera is negatively related to cameras' size, which suggests that smaller cameras can only produced at a higher marginal cost.
The parameters associated with log weight are positive and significantly different from zero. Thus, it is generally more costly for firms to produce cameras with more robust material (2), but it enters the cost function insignificantly different from zero.
The estimated coefficients for brand dummies in Table 5 are much smaller when the ageing effect is considered. The magnitudes of parameters for the log of resolution and LCD also drop considerably after age is incorporated. Both trend parameters are negative, indicating a downward time trend in production costs. This is in accordance with the dramatic technological progress in the digital camera industry over the sampling period. Neverthel sult shows that the magnitude of the trend measure is 0.0204 in Column (1), and the scale falls substantially to 0.0122 after the age variable is included. This implies that the predicted reduction in production costs over time is much higher if the ageing effect is not accounted. This issue will be investigated further in Subsection 6.5.
The Ageing Effect and Age Elasticity
As demonstrated by Figures 1 and 3 , many camera models' prices dropped to below half of their initial prices within one to two years. For instance, Canon PowershotA520 was priced at $293.13 in March 2005 when it was just launched but i entered into the market in February 2004 to e and affordability of P&S cameras, consumers could buy their preferred products soon after introduction. However, forward-looking consumers, aware of the persistent downward trend of prices could choose to purchase the same item at different ages, depending on how they value the camera. In particular, earlier adopters purchase soon after products are launched and pay a relatively higher price because they have a higher reservation price. On the other hand, consumers with a lower willingness-to-pay choose to postpone their purchases because waiting means they can obtain the same product at a lower price. Hence, the time when a consumer chooses to buy an identical product directly reveals his idiosyncratic willingness-to-pay for the product. This is consistent with the estimation result reported in Table 3 earlier, in that the R 2 and adjusted R 2 rise considerably after bringing in the age variable into the logit demand model. Furthermore, the predicted mean coefficient in Table 4 , from the random-coefficients model, for age is -0.2253 and is statistically significant at the 1% level. The estimated standard deviation for the age is also highly significant, indicating a substantial variation in the marginal value for age from its overall market mean.
To see the effect of product ageing on demand more clearly, Figure 4 plots the estimated age elasticity of demand against age at the time of observation. Obviously, there is an overall downward trend in the predicted elasticity, which means the demand becomes more sensitive to the age when a camera gets older.
The Price Elasticity of Demand
Turning to the price elasticity of demand, products with a short life cycle such as consumer electronics display quite different properties from products with a long life cycle.
For the latter, the product-level price drop is often temporary and consumers response sensitively and significantly to a price shock. On the contrary, the response to a periodic price ller and the demand for a particular product is quite sensi drop in consumer electronics is sma tive to its age because of its short life cycle and the persistent downward price trend.
Particularly, after a product is introduced into the market for a certain period, its sales volume declines continuously despite the fall in its price. Such sales pattern implies that the short life cycle of a product also influences purchasing decisions as well as firm's strategies in pricing and product characteristics provision. To investigate the price elasticity of demand more closely, we have calculated the elasticity using estimated data from the two random coefficient structural models, with and without the age variable.
Both Figures 5a and 5b have five panels to organize elasticities into five different age groups. Interestingly, Figure 5a displays quite different patterns from Figure 5b . Particularly, in Figure 5a , where no age variable is incorporated, the predicted price elasticity of demand is more or less independent of age, represented by similar patterns of the scatters across the five panel s of different age groups. In Figure 5b , however, each of the five panels depicts a very different scatter from the others. Generally, the predicted elasticity is relatively small (in absolute term) when the product is young and it goes up gradually as the product gets older.
For instance, within the first 6 months of introduction, the price elasticity is small and similar across the whole price range; almost no product is highly price elastic. Then, there are a few mid-range products whose price elasticities jump up during the next 6 months period (see panel titled 12). In the meantime, the price elasticities for most low-to mid-end cameras climb up slightly (in absolute term). In the third panel, where products age from 13 to 18 months, a lot more products become more price elastic, and on average the predicted elasticities for the low-to mid-end cameras increase. Such growth trend continues for older age groups. In the last panel, where observations are of 25 months or older, the number of products with a high price elasticity is larger despite a smaller number of total observations. These characteristics of price elasticity are also observable by the median belt plotted in the graphs. Figure 5b demonstrates that earlier buyers of a camera are much less price-sensitive than later purchasers, which seems to be consistent with conventional beliefs that impatient and price insensitive consumers enter the market early. Therefore, the inclusion of the age factor appears to effectively control for the variation in the consumer group that purchases each of the identical products. 10 Typically, higher-priced fresh and young products are more likely to be purchased by price insensitive consumers with a higher willingness-to-pay. Outdated models, even with extensive price reductions, are likely to be attractive mostly to more price-sensitive consumers. Since most empirical studies on the new durable products are based upon product-level data, the result of Figure 5b calls for the attention to the productlevel dynamics associated with the timing of purchasing each identical product and its effect 10 It is hard to think of a supply side phenomenon which would generate this outcome.
on the demand system, either through a dynamic model, or through a suitably adjusted static model.
To see the effects of price change on demand more clearly, Table 6a reports the ownand cross-price elasticity estimates from the random coefficients model for 15 randomly selected camera models marketed in May 2006, which is the last month of our sample period.
The upper part of each row reports the own-price elasticity and the Sum of Cross-price Elast opay, firms are likely to inter-temporally price discriminate. By setting prices higher when s can extract more profits from the consumers with high valua icities (SCE) without considering the ageing effect while the lower counterpart considers the ageing effect. The SCE depicts the overall effect of one percentage price rise of a product on the sales of all other products. The mean and median of both own-price elasticities and SCEs are of much larger magnitude than those predictions when the ageing effect is included and the difference tends to increase when prices get higher. The average of SCEs is 0.947, which is only more than half of that without the ageing effect. The variation pattern of SCE is similar to own-price elasticity. The semi-cross price elasticities of 15 selected products are reported in Table 6b , where semi-cross price elasticity measures the percentage change of sales of a product in each row in response to a $10 price increase of each column product.
Measuring Market Power
One application of the demand estimation is to use the estimated price elasticities to predict the firms' price-cost markups. Facing consumers with heterogeneous willingness-t products are just launched, firm tions. Then, they gradually reduce prices to make their products more affordable and appealing to those who are more price sensitive. To examine the issue, Figure 6 illustrates the observed prices and estimated markups of six top selling models within the sample period.
Apparently, all six cameras in the figure exhibit a significant decline in their prices during their lifetimes. Furthermore, the markups predicted from both versions of the model (with and without age) also drops.
Nevertheless, the magnitudes of markups predicted from two structural models differ dramatically. The downward trends of markups estimated from the model excluding the age variable are much flatter than the decline of prices, indicating that there is very small change in pro n price and price-cost markup is much smaller as time passes, consistent with the predi t accounting for the ageing effect show quite small downward trends while fitability as the prices go down steeply. Therefore, the large drops of prices have to be mainly explained by savings from production costs. Take the Canon PowershotA520, for example. Its price drops from $293 to $147 one year after its introduction. The predicted markup for the product falls by less than $50.00, leaving a large proportion of price decrease to be explained by cost reduction. Numerically, this implies that the marginal cost of producing a Canon PowershotA520 falls from around $200 dollars to $100 dollars within one year. Similarly, when Nikon Coolpix320's price declines sharply from $280 to $130 over two years, its predicted markup drops by only $52 and the gap of $98 drop in prices would have to be attributed to the cost reduction as well. These results are consistent with the estimates of the cost trend reported in Table 5 , where much faster speed in cost reduction is predicted when the age effect is omitted. However, they are hardly believable from a practical point of view.
After the ageing effect is incorporated into the regression model, the predicted markups in Figure 6 show very similar downward patterns to those of prices, and the change in the gap betwee ctions of a model of inter-temporal price discrimination. When the price of each product falls, a product's markup shrinks a lot more than the cost reduction. Comparing the markups predicted by two regression models, the difference between them is the largest when a product is just launched. Towards the end of a product's life, the two predictions have little difference. Hence, ignoring the ageing effect is likely to result in a significantly underestimated markup and an overestimated marginal cost, during the early stages of a product's life.
To see the relation between markup and age at firm level, Figure 7 plots each manufacturer's average markup of its products for a given age. Evidently, the predicted markups withou mean turnover and prices have dropped significantly and persistently over time. Forwa the price to fall and choose an optim prices fall significantly as products get older. On the contrary, the estimated markups decline quite steeply after incorporating the ageing effect and it seems more plausible. On average, the predicted markups are about 35% smaller if the age variable is excluded. The extent of underestimation, up to more than 70%, appears to be the greatest when products are very young.
Concluding Remarks
This study estimates a structural model of demand and supply for the US digital camera market, where there is considerable product rd-looking consumers expect al time to enter the market. While most recent studies modeling such dynamics in the demand for new durable products use a dynamic programming approach, this is at the cost, due to computational constraints, of more restrictive assumptions and limitations on the data used. This paper analyzes the dynamic issue using a simple adaptation of the standard static structural model. This enables including a rich set of characteristics and a flexible specification of the heterogeneity of consumers, as reflected by allowing randomness in the coefficients of more characteristics. The coefficient on age can be interpreted as tracking the evolution of the changing consumer mix associated with firms inter-temporally price discriminating. Hence, the purchase time associated with each particular camera directly reveals consumers' willingness-to-pay. Alternatively, the age variable can also control for supply side dynamics in, for example, advertising. We find introducing the age variable overcomes the problems identified for the static demand models, by yielding more reasonable coefficient estimates and markups. Furthermore, our results suggest the consequences of ignoring the ageing effect are substantial with over-estimates of price elasticities, technological progress and underestimates of markups. Our approach is relatively easy to implement, with a significantly reduced computational burden. It is suitable for applications where allowing for rich patterns of substitution are more important than controlling explicitly for inter-temporal choice, or as a first step in estimating a full dynamic differentiated product demand system. The upper entries in each row are elasticities when the ageing effect is excluded while the lower entries are elasticities when the ageing effect is included in the calculation. The upper entries in each row are -price elasticities when the ageing effect is excluded while the lower entries are semi-price elasticities when the ageing effect is included in the calculation. semi The figure plots the percentage change in demand with respect to the percentage change in age for all observations included in the estimation. The age in the x-axis represents the number of months at the time of observation after a product is introduced into the market. The age elasticity in the y-axis is in percentage terms. 
Price
Figures 5a and 5b plot the price elasticity of demand, where the former excludes the age variable but the latter includes it. All observations are organized into 5 groups according to their ages, i.e. age 1~6, age 7~12, age 13~18, age19~24 and age > 24. Each group is plotted in a separate panel. The scatters are associated with individual elasticities, while the belts show the median predictions. 
Appendix: Data on US digital camera market
In the original NPD data, there are a total of 1350 camera models. After checking for repetition of models, we find 1338 distinct models. Figure onsiderable amount of missing alues, especially for the attribute measures for weight and thickness. Moreover, the data on characteristics of digital cameras are relatively raw. For example, with the key quality measure on cameras' resolution, image quality is reported by ranges of resolution (e.g., 3-3.99 mega-pixel), not the exact value. Although dummies are reported for features like LCD and optical zoom range, in many cases, these dummies are not sufficient to indicate the quality of digital cameras. For instance, more than 90% of the cameras have the value of one for "built-in-flash" and "with optical zoom range", making these cameras incomparable.
To derive accurate estimation, the original NPD data on camera features are observations, representing more than 96% of total sales of original 1338 models reported by NPD. To construct the age variable, we obtain the introduction date for all models included in the final sample. Most of the information comes from the website www.dpreview.com and the websites of the manufacturers. Hence, each observation in this study will be assigned a precise age value to indicate how long the product has been marketed since its introduction.
The study focuses on the standard point-and-shoot (P&S) digital cameras manufactured by top six brands. Other brands are not included in the analysis due to three empirical facts. , while others feature special functions (e.g. Sealife DC250 and DC310 can be used under water). It is difficult to specify a cut-off on choosing comparable products from these manufacturers. Rather than making an ad hoc selection, the study uses only observations from the top six brands.
